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Strategiesfor the developmentof detectionalgorithms

1. Intr oduction

Multi-sensor/Multi-criteriabasedfire detectorsrequirefar morecomplicateddetection
algorithmsascomparedto simplethresholddetectors,whicharestill usedassinglesensor
basedfire detectors.Cheapandpowerful microprocessorsareavailableto carryout this
task.They maybeimplementedin eachdetectoror alternatively asa centralprocessing
unit to carryoutthefire or no-firedecisionfor all measuredvaluesbeingtransmittedfrom
varioussensor-groupsof afire detectionsystem.

A combinationof smoke- andheat-sensorsis at presentfrequentlyusedin fire detection
systems.The discussionsnot only on this congressshow that a threefoldsensorcom-
binationusingsmoke, heatanda gassensors(for example ��� ) might be usedin the
foreseeablefuture.
The advantageof sucha threefoldcombinationis obvious for the simplereasonthat a
morereliablealarmdecisionis possibleif it is basedontheobservationof differentphys-
ical phenomenaassociatedwith a genuinefire.

Thecombinationof smoke- andheat-sensorsis advantageousin caseof openflamefires
but theheatsensordoesnot helpif theimportantclassof smolderingfiresis considered.
A combinationof smoke-and ��� -sensor, however, wouldbebeneficialin thelattercase.

At presenttherearestill someimportantrestrictionsto betakeninto considerationfor the
designof new detectionalgorithmsof highercomplexity.

1. They possiblyrequiremuchmorecomputationalpower for eachsensorcombina-
tion. For hundredsof sensorsper line this mayquickly exceedtheavailablecom-
putationalpower of a centralprocessingunit sincepart of it is reserved for other
administrativetasks(line protocols,handlingof displaysetc.).

2. Manufacturersof fire detectionsystemsarefor goodreasonsnot too eagerto re-
placetheir tried, testedand reliablecentralprocessingunits by completelynew
deviceswith morepowerful processorsbecausea completeredesignis extremely
expensive! For this reasontheavailableprocessingpower aswell asthe“Random
AccessMemory” (RAM) resourcesareusuallyratherlimited.

3. Thetestauthoritiesin Europeinsistto understandat leasttheprincipledesignrules
of a detectionalgorithm. This is importantasfar astheselectionof thedetection
methodis concernedto avoid problemswhich mayoccurlater in thecertification
process.

For thesereasonsit is recommendableto pursuea certainstrategy andto keepin mind
thegivenrestrictionsduringtheearlydesignphaseof anew detectionalgorithm.



2. Binary signaldetection.

2.1Principle solution of the detectionproblem.

Figure1 shows a block diagramof a multi-sensorbaseddetectorandfigure2 illustrates
the modeof operationof the decision-blockfrom figure 1. ��� denotesthe so called
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Figure1: Block schemeof amulti-sensorbaseddetector
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Figure2: Observationspace.

“zero-hypothesis”,i.e. the signals �#PQ����� or signal vectors
$%SR ��� originatefrom no-fire

situations. Correspondingly, hypothesis� ! denotesall signals ��P-�T��� or signal vectors$%SR � ! originatingfrom fire situations.

Eachsignalvectorpointsto onespecificlocationinsidethemultidimensionalobservation
space,which is hereschematicallyplottedasa two dimensionalspace.



In theaim to draw anunambiguousdecisionit is necessaryto subdivide theobservation
spaceinto two disjoint subspaces.Thismeans:
if thesignalvectorpointsto thesubspaceU !WV thedecisionis: alarm.
if thesignalvectorpointsto thesubspaceUX� V thedecisionis: no-alarm.

Unfortunately, signalvectors
$%SR ��� and

$%SR � ! undereitherhypothesesmaypoint to both
subspacesUX� and U ! . Hence,we have not only two typesof correctdecisionsbut more-
over two possibletypesof wrongdecisions- a falsealarmor amissedalarm.

Themostsimplecase:thresholddetectorfor onesensor. (Heretheobservationspaceis a
onedimensionalstraightline.)

Nearest more complicatedcase: Two subsequentlymeasuredvaluesfrom one sensor
or onemeasuredvaluefrom eachof two sensors.(Herethe observation spaceis a two
dimensionalplane.)

andsoforth: onemeasuredvaluefrom eachof threesensors(with a threedimensional
observationspace.).Y measuredvaluesfrom eachof Z sensors(requiresa representationin a Z\[ Y dimen-
sionalhyper-space).

Thewell known decisiontheoryclearlystates,how to divide theobservationspaceinto
two disjoint subspacestaking into accountcertainoptimizationcriteria. The “Bayes”-
decisionrule is asfollows(seefor example[1], [2]):] � $% � '_^ DFHG I , � $%SR � !��^ DFHG I J � $%SR ��� � � !`a�b� c �O[1dfecg! [gdbh ' d (1)

Fromtheformulaabove follows thatweneedto know theconditionalmultivariateprob-
ability densitieŝ Di G jlk � $%SR � Pm�onKp 5q6�8r9�;"<

. Unfortunately, theseconditionalprobability
densitiesareneitherknown nor determinable.Particularly, our knowledgeconcerning
thesignalsof differentsensorsin no fire situationsis verypoor.

Intuitively, engineerswould apply somethingsimilar to the above decisionrule even if
they haveneverheardof the“Bayesdecisionrule”.

Considerfor examplea decision,which is basedon onemeasuredvaluefrom eachof
two sensorsfor smoke and ��� -concentration. A reasonablesubdivision of the total
observationspacecouldbechosenasshown in figure3 wherewehaveplottedasequence
of measuredsamplevalues �"!s���-PT� 9 �1 1�T�Qp-�tnKp 5q6H;u9 � ; � 9 Y < from a scatteringlight smoke
sensoranda ��� -measuringdevice which hasbeenrecordedduringa TF2-smoldering-
test-fire.Eachpair of measuredvaluesis representedby onepoint in the �"! 9 �� -plane.

Intuitively, an engineerwould fix for exampletwo thresholdvalues ��vS! , ��vw in sucha
way that all points in the planewhich areabove the thresholdsindicatemore likely a
genuinefire thana no-firesituationandvice versa- accordingto theassumptionof the
engineer. This reasoningcorrespondsto thedecisionrule in eqn.(1)but therehowever,
the conditionalprobability densitiesareassumedto be known andthus,the borderline
betweenthesubspaceswould look quitedifferent.
The “Bayesdecisionrule” moreover takesinto accountthe probabilitiesof occurrence
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Figure 3: Intuitiveselectionof thesubspacesUX� and U ! .
for fire- andno-firesituations( c � and c�! ) andcost-or risk factors( dfe and d{h ) assigned
to corrector incorrectdecisions.

Thus,theobservationspaceis subdividedinto two disjointsubspacesU|� 9 U ! asindicated
by thesolid line in theplot of figure3. Thecorrespondingdecisionrule in mathematical
termsis:

if (( �"!s���-P0�~}���vS! ) or ( �� ��T�-P��~}���vw )) V alarm, (2)

which is asimpletwofold thresholddetector.

Slightly morecomplicatedis a subdivision of theobservationspaceasindicatedby the
dashedline in figure3. Thisapproachreflectsthefact,thatsimultaneouslyexistingsmoke
and ��� -concentrationindicatesmorelikely a fire thansolely thepresenceof smoke or��� -concentration.In thiscaseit makessenseto triggeranalarmat lowermagnitudesof
bothsmokeand ��� -concentration.

Thecorrespondingdecisionrule in this caseis asfollows:

if (( �"!s���-P0�~}���vS! ) or ( �� ��T�-P��~}���vw ) or ( �"!#�T�-P��X���� g���-P0�~}���vw� )) V alarm (3)

Thejoint evaluationof onesamplefrom eachof threesensors(like for examplesmoke,
heatand ��� -concentration)is morecomplicatedbecausein this caseit is necessaryto
fix aborder-planein the3-dimensionalspace.
If weintendto includenotonly actualsamplesbut alsothelast Z sampledvaluesof each
of the Y sensorsignalsthenthe confusingtaskis to find anadequatehyper-planein anZ�[ Y dimensionalhyper-space.Thus,thetaskbecomesmoreandmorecomplicatedwith
anincreasingdimensionof theobservationvectorandthequestionariseshow to simplify
thesolutionof thetask.



2.2Featureextraction methods

Featureextractionis a suitablemethodto simplify thedecisionproblemconsiderablyif
wewantto includethehistoryof signalsin ourdecision.

Featureextractionmeansto extract from eachsignalvector
$%��

, consistingof Y subse-
quentlysampledvaluesof thesensorsignal,one(or a few) featuresZ ����� 5�6H;u����� � <

as
shown schematicallyin figure4.

Thus,weobtainafeaturevector
$�

of dimension������ ! � � , which is considerablysmaller
thanthedimensionZ�[ Y of thecombinedsignalvectors.We canusethesamedecision
methodaspreviouslydescribedusingthefeaturevector
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Figure 4: Schematicsketchof adetectorwith featureextraction.

Featureextractionis animportantengineeringtaskwhichrequiresto considerpreviously
known individual characteristicsof the sensorsand their specificresponsein fire- and
no-firesituations.Only a few examplesarementionedin thefollowing:· Determinationof theaveragerateof rise.· Suppressionof thesignalfluctuationwhich is consideredto beirrelevantin no fire

situations.· Rateof riselimitation for sensorsignalsin thosecaseswherestep-likechangesare
unlikely to occureitherphysicallyor dueto thefeaturesof thesensor(for example
heat)but wherestep-like changesmay occur due to datatransmissionerrorsor
noiseinfluence.· Accumulationof signalamplitudes.· Determinationof significantspectralcoefficients,if thesignalfluctuationof sensors
differsin fire- or no-firesituations.· Jointevaluationof signalfeaturesfrom differentsensors(correlation). e.t.c.



The few examplesmentionedabove show that featureextractionmethodsusuallyeval-
uatenot only actualsignalsamplesbut includemoreover the temporaldevelopmentof
signals.As anadditionaladvantageweusuallyhavea smallervarianceof thefeaturesin
comparisonwith thevarianceof thesignalsitself becausefeaturesarecalculatedassome
sortof averagefrom severalsignalsamples.

Featureextraction is applicablewith more or less computationaleffort and storage-
capacityefficient methods.Onemethodto evaluatethetemporalbehaviour of signalsis
thesocalled“windowing”-method,i.e. featureextractionis basedat eachtime instance
with anew sample�#PQ� � � onthelast Y -samples(where

�
denotesadiscretetimevariable):$% P¹¸l� � � ' 6 ��P-� � � 9 �#PQ� ��º ; � 9 �#PQ� �»º½¼ � 9#�����¾9 �#P-� �»º Y{� ; � <

If thenext sample��P-� � � ; � is drawn theeldestpreviously usedsample�#PQ� �bº Yf� ; � is
skippedandthenew samplevectorconsistsof thefollowing components:$% P¹¸l� � � ; � ' 6 �#PQ� � � ; � 9 �#P�� � � 9 �#PQ� �»º ; � 9������¿9 �#PQ� �»º Yf� ¼ � <
Usually, we canfind a recursive calculationfrom this vectorfor whatever featureto be
calculatedin thefollowing form:

Z PÁÀÃÂ $% P�¸l� � � ; ��Ä ' Z PÁÀtÂ $% P�¸l� � ��Äf��ÅÇÆÈ�#PQ� � � ; � 9 commoncomponentsÉ Ê#Ë Ì�#P�� � � 9������X9 ��P�� ��º Yf� ¼ �-Í:�º ÅÇÆÎ�#P-� � � 9������¾9 ��P-� �»º Y{� ¼ �Ë Ì#É Ê
commoncomponents

9 �#PQ� �»º Y{� ; �-Í (4)

Recursive calculationsreducethecomputationaleffort significantlybut not therequired
storagecapacity.

Sincefeaturesareusuallycalculatedassomesortof averageonaccountof therandomna-
tureof thesignals,thefollowing alternativemethodis notonly computationallyefficient
but savesmoreoverstoragecapacity.Z PÁÀ"� � � ' Ï [�Z PÁÀu� �»º ; �X�q� ; º½Ï � [ ÅlÆÎ�#PQ� � � 9 �#PQ� �»º ; �zÐ 6 � � � � � < Í and0.9

a Ï a
1(5)

In this formula ÅÇ� [ � denotesa socalled“partial feature”which is calculatedeitherfrom
the actualsample �#PQ� � � , or from two subsequentsamplesof one sensor, or from one
sampleeachof two sensors.
The updatedfeature Z PÁÀ"� � � is calculatedfrom its previous value Z PÁÀ.� �Ñº ; � and the
actually calculatedpartial feature ÅÇ� [ � . This type of recursionis called “exponential
windowing” and operateslike a digital filter with ÒÓ� -low-passtransfer-characteristic
wherethepartial featureis the input signalandtheoutputcorrespondsto thesmoothed
partial featurevalues.Thedenotation“exponentialwindowing” indicates,that thefilter
outputcorrespondsto thesumof anexponentiallyweightedinputsequenceof thepartial
featureswith highestweight for the actual input and decreasingweightsfor previous
partialfeatures.
Theconstant

Ï
determinesthe3dB-cutoff frequency ÔÖÕ of thelow-passcharacteristicor

the“memory-depth”respectively.ÔÖÕ '_º{×ÙØ � Ï �Ú � with
Ú � , thesamplingperiod.



Apart from that, theuseof integeror bytearithmeticsavesstoragecapacityfor random
accessvariablesas well ascomputationtime becauseit is often possibleto substitute
multiplication- and division-operationsby simple shift operationsand integer or byte
variablesrequirelessstoragecapacityby definition.

Althoughour electronictechnologyoffersenormousprocessingpowerandgiantstorage
capacityon onechip it seemsto be importantat presentto regardtheabove mentioned
aspects.Thedevelopmentof new controlandindicatingequipmentwith powerful central
processorsandlargestoragecapacityrequirestime andenormousexpenditures.But the
useof tried andtestedexisting equipmentwith newly implementeddetectionalgorithms
setshardlimits with respectto storagecapacityandcomputationtimeperdetector.

A centralprocessingunit in a fire detectionsystemmustcarryout for exampleonedeci-
sion/sec.basedonfeatureextractionandpreprocessingmethodsfor hundredthof sensors
or sensorcombinationsapartfromvariousadministrativetasks.For thisreasononly afew
fractionsof millisecondsremainascomputationtime for eachsensorcombinationof a
multi-sensordetectorandthetotal amountof requiredRAM-storagecapacityis propor-
tional to thetotal numberof detectors.

2.3Automatic decision

The modeof operationof the decision-blockin figure 1 or figure 4 we have already
discussedin theprevioussection- i.e. thedivision of theobservation-or feature-space
into two disjoint subspaces.This taskcanbesolvedby two differentapproaches:

by a rule baseddecision or by a trainedclassifier.

For bothof thesemethodstherearevariousdifferentrealizations.Equations(2) and(3)
representwithoutdoubtsimplerulebaseddecisions.Clearly, therulebasebecomesmore
complicatedif morefeaturesareinvolved.

The advantageof a trainedclassifieris, that the designerdoesnot needto think about
variouscomplicatedrules for plenty of featuresbecausetheserules are automatically
determinedduring the training phasein a neuralnet for example. In other words the
neuralnet automaticallysubdividesthe multidimensionalobservation- or feature-space
into thesubspacesUX� and U ! .
Someproposalsusingneuralnetsasfire detectorsarealreadyto befoundin theliterature.
For this reasonit seemsto benecessaryto investigatethechancesandshortcomingsof
this method- particularly, becausethereare software tools available which configure
andtrain neuralnetswithout any requirementfor theuserto understandmuchaboutthe
background.

3. Detectorswith neural nets.

3.1Realizationof a neural net.

EachneuronhasY»� ;
continuousvaluedinputswhereY denoteseitherthetotalnumber

of vector componentsof the input featurevector
$�

(or the signal vector
$%
) which is

appliedto the input nodesor thenumberof neuronsin theprevious layer. Eachneuron
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Figure 5: Sketchof aneuralnet.

computesaweightedsumof its input elements,subtractsavariablethresholdandpasses
theresultthroughahard-limitingnonlinearitysuchthattheoutputis between0 and1.Ü � � � � ' Ý½Þàßá P � � vâPÙã � [ Ü1PQ� �»º ; �ä with Ü � � �»º ; � ' ;

and ÜgP-� 8 � ' Z P (6)

In the above formula
�

denotesthe neurallayer andthe indices p 9�å the neuronsin the�æº ;
’st and

�
’ th layer, respectively. The inputsof eachneuronareweightedoutputs

(with weight vâP�ã � ) of the neuronsof the previous layer (or the input nodevalues). The
nonlinearity

Ý � �#��� � is of a “sigmoid type”; two representative examplesof which are
shown in figure6.
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A netasshown in figure5 transformsthesetof all input vectorsto asetof outputvalues
in therange0..1with a moreor lesssteeptransitionbetween0 and1. This corresponds
nearlywith thetaskto subdivide theobservationspaceinto two subspaces,i.e. to assign
avalueof

8 V no-fireto all elementsof a subsetof theinput vectorsandavalueof
; V

alarmto thecomplementarysubsetof theinput vectors.

If abinarydecision(fire or no-fire)is requiredoneneuronis sufficient in theoutputlayer
with its outputvaluesin the range0..1. If we interpretthe outputvaluessuch,that for
outputvalues } 0.5 the probability for a fire is higher thanfor outputvalues

a
0.5, we

only needoneadditionalthresholdcomparisonto achieveanunambiguousdecision.
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Figure 7: Decisionfunction plotted above the observation spacewhich corre-
spondsto figure3 or equation(3), respectively.

Thus,theoutputof a neuralnetdefinesanalmostbinaryfunctionabove theobservation
space.For thesimpleexampleaccordingto equation(3) andfigure3 thecorresponding
neuralnet output function is shown in figure 7. The precisemodelingof this simple
decisionrule (equation(3)) requires2 input nodes,3 neuronsin the first layer and 1
neuronin thesecondlayer, which is theoutputlayer in this case.Moreover, 9+4weight
factorsarenecessarywhich indicatesthe considerableeffort. For this reasonthe rule-
basedsolutionis preferablein suchsimplecases.

3.2Advantagesand shortcomingsof neural nets.

At first glancea neuralnet is attractive from the point of view that even in the caseof
observation-or feature-vectorsof highdimensionandperhapsconfusingrulestheneural
net learnsthe underlyingrulesduring a training phase. This requiresto assignin ad-
vancethecorrect(or required)decisionto any of the input vectorsof thetrainingsetby
a teacher.
All weightsvâPÙã � areinitializedby smallrandomvalues.During thetrainingphasethein-
putvectorsarerandomlyselectedfrom thecompletesetandeachcorrespondingoutputis
calculated.Fromthedifferencebetweenthecalculatedoutputandtherequiredoutputall



weightsin thenetareupdated(with thesocalled“error back-propagationalgorithm” for
example)suchthatthe meansquareerror for all inputvectorstendstowardaminimum.

It hasbeenshown that a trainedneuralnet for certainassumptionsclassifiesprecisely
accordingto thedecisionrule in equation(1) (seefor example[3], p.14).

The disadvantagesare:

1. thecomputationaleffort is enormousin comparisonwith otherclassifiers,notonly
during the training phase(which canbe carriedout off-line) but alsoduring the
classificationphase,

2. the training proceduredoesnot guaranteean optimal solution, i.e. the training
phasemustperhapsberepeatedseveraltimeswith differentweightinitializations,

3. only vaguestatementsaboutthe necessarynumberof neuronsin different layers
arepossible,

4. thefinal classificationperformancedependsvery muchon thecorrectselectionof
the observationvectorsandevenon the particularselectionsequencesduring the
trainingphase,

5. high partialerrorsmayoccur(while classifyingsingleinput vectors)althoughthe
meansquareerrorindicatesa goodoverall classificationresult.This might leadto
falseor missedalarms,

6. andlastbut notleast- it is almostimpossibleto comprehendthisclassifyingmethod
in detailevenif it worksproperly, becausewe do not know theclassificationrules
afterthetrainingphase.

Someadditionalremarksconcerningitem3 andthefollowing:

Item 3.:
3.1: Y -neuronsin the first layer and 1 neuron in the output layer

(Two-Layer-Perceptron):

Eachneuronin the first layer subdividesthe (2D)-observation spaceby a straightline,
the(3D)-observationspaceby aplaneandthe(mD)-observationspaceby ahyper-plane,
the inclination of which is determinedby the correspondingweights vâPÙã � . With sucha
structureit is possibleto separateopenor simple enclosedregions in the observation
space.The numberof neuronsin the first layer determinethe detailsof the separated
regionswhich areseparatedby polygons(seefor examplefigure. 7 with 3 neuronsin
thefirst layer). Theoutputneuroncarriesout somesortof logical OR operationwhich
resultsin a final decisionregion that is the inclusionof all partial regionsformedin the
first layer.
Thisstatementis truefor sigmoid-nonlinearitieswith almosthard-limitingcharacteristic.
For soft-limiting characteristics,the edgesof the boundingpolygonsof the separated
regionsaresmoothed.



3.2: Threeneural layerswith oneneuron in the output layer
(Three-Layer-Perceptron):

With a 3-layerstructureit is possibleto form arbitrarycomplex decisionregionseven
with separatedenclosedregionsbelongingto thesameclass.
Hence,more than3 neuronlayersarenot necessaryto solve an arbitrarycomplicated
classificationproblembut it is notprohibitedto usemorethan3 layers.

Item 4.: The aggregateof observation vectorsduring the training phase.

One fundamentalrequirementto achieve a safeclassificationis, that the observation-
vectorsin the trainingsetarerepresentative for all possiblyoccuringfire situationsand
scatteredoverthewholeobservation-spaceduringthelearningphase,i.e. many different
observation-vectorsandtheir assignedclass(fire or no-fire)mustform theaggregateof
the training set. Specialattentionmustbe paid to the subsetof training vectorswhich
cannotbe assigneddefinitely to oneor the otherclassor thosevectorswhich point to
approximatelythe sameregion in the observation spacewith contradictorymeanings
assignedby theteacher. Thefinal classificationof thetrainednetwork for contradictory
trainingvectorsis with higherprobability in favour to thosevectors,which appearmore
oftenin thetrainingsetwith thesameassignedmeaning.
Contradictorytrainingvectorscanbeavoidedif the teacherobservesthe following rule
in assigningthe requiredclass,which wasalreadymentionedas part of the “Bayes”-
decisionrule in equation(1).

Is c �O[gdfe ëì c�! [gd{h ?

Here c � denotestheprobabilityof occurrencefor sucha vectorduringa no-firesituation
and cg! ' ; º c � theprobabilityof occurrencefor a similar vectorduringa fire situation.d{e and dbh arethecorrespondingcost-factorsfor wrongdecisions;i.e. d{e thecost-factor
for a falsealarmand d{h thecost-factorfor amissedalarm.
Therequiredclassmustbeassignedto thehypothesiswith thehigherfactor.

Moreover it is of importanceto selectthetraining-vectorsat randomanduniformly dis-
tributedfrom thecompletetraining-vectoraggregate.

Item 5.: Averageclassification-error and partial-err ors.

Thelearning-progressduringthetraining-phaseis indicatedby adecreasingmeansquare
classification-errorwhich is calculatedaccordingto thefollowing sum:íî ' ;ï ðá P � ! � ÜuñòPôó º �õñòPôóö�  (7)

or, moresimply, by a low-passfilteredsequenceof thesquaredpartialerrors ÜuñòP�ó º �õñòPôó .
Here,

ï
denotesthe total numberof training-vectors,Ü ñÎP�ó theclassificationvalueof the

outputneuronfor the i-th training vectorand �õñòP�ó the correspondingcorrector required
outputvalueassignedby theteacher.íî ' 8

canonly beachievedaftera sufficiently long training-phaseif no conflictingvec-
torsexist in thetraining-vectoraggregate.Unfortunately, thisdoesnotholdfor automatic



fire-detectionproblemsotherwisefalse-alarmsor missedalarmswouldnotoccurin prac-
tice. Consequently, theaverageclassificationerrorreducesduringthetraining-phaseand
finally fluctuatesarounda minimum value } 0 and the learningphaseis stoppedif no
morelearningprogresscanbeachieved.
Even if theaverageclassification-erroris sufficiently small, somepartial errorsmaybe
highandthusleadto wrongclassificationsof thetrainednetwork in certainsituations.
Particularly, if therequirementsmentionedin item4 areneglectedthismayleadto missed
alarmsor unnecessaryfalsealarmsfor 3-layerperceptronswith many neuronsin thefirst
andsecondlayer.

For this reasonasmallmeansquareclassification-erroris notatall anadequatecriterion.
It is moreover urgently recommendedto inspectclosely all training-vectorswith high
partial-errorsandtheir realclassificationafterthetrainingphase!

An adequateconfigurationof the neuralnet (numberof layersandnumberof neurons
per layer) may help to avoid sucherrors,thoughthereis no other rule than: the least
numberof neuronsandlayersbeingsufficientandnecessaryto achievealow meansquare
classificationerror.

Generally, neuralnetsarebeyonddoubt,powerful classifiers.Their usein automaticfire
detectionsystemsrequiressomecaution,however, asshown by theremarksabove - not
to mentiontheproblemof explainingwith someplausibility their modeof operationto
theauthoritiesof a testinstitutefor example.

4. Testof newdesigneddetection-algorithms.

A performancetestis animportantpartin thedesignprocessof anewly developeddetec-
tion algorithmindependentof thechosentypeof detector. Personalcomputersin these
dayscanbeusedasa powerful andrigoroustestequipment.If thedetectionalgorithm
is software-implementedon thePC,it canbetestedin time-lapsemode,usingrecorded
datafrom fire-testsor, with artificially generatedandrandomlyvariedsignalsequences
for fire- andno-firesituations.

Thoughall manufacturersknow thespecifictestprocedurescarriedout by testinstitutes
for certification,it is not recommendableto restricttheperformancetestto EN54-fires,
for example,becausein practiceit is veryunlikely thatafire developsaccordingto EN54-
conditions.

In our Institute, the sensorsignalsare recordedduring the sametest-firefrom various
sensor-heads,whichareplacedin differentlocationson theceilingof thefire laboratory.
Someof theselocationsarechosenarbitrarilyunfavourablefor detectionpurposes.Thus,
the reproducibilityconditionsaccordingto EN54areusuallynot fulfilled for all sensor
combinationsbut therecordedsignalsstill representfiresto bedetected.
Moreover, typical falsealarmsituationsareeithersimulatedor appliedasrecordedsig-
nalsmeasuredin moreor lessfalsealarmrelevantenvironments.

We have alreadyreportedabouta specialtest methodwhich usessignal-modelswith
stochasticvariationof recordedsignals(seefor example: [4]). This methodgenerates
fromacomparativelysmallsetof recordedsignalsin fire-andno-firesituationsarbitrarily
many randomlyvariedtestsignalswith similar characteristics(correlationfeatures)than
thoseof therecordedsignals.



As a measureof quality, we comparethe detectionfeaturesof the newly designedal-
gorithm either with a simple thresholddetectoror with the previously useddetection
algorithmof themanufacturer.

Summary

After someintroductoryremarksconcerningthechancesandstill existing restrictionsin
thedevelopmentof improvedmulti-sensor-/multi-criteriadetectors,theprinciplesolution
of adetectionproblemhasbeendiscussed.
Thetaskbecomesmoreandmorecomplicatedandconfusingasmoresensorsand/orcri-
teriaareto betakeninto consideration.It wasshown thatfeatureextractionsimplifiesthe
problemandtheuseof recursivemethodsreducesthenecessarycomputationaleffort.
Specialattentionwaspaid to neuralnetsasclassifierswith the principal advantageof
learningeven complicatedrulesautomaticallyduring a training phasewith the aid of a
teacher. But also the shortcomingsand risks associatedwith neuralnetsasclassifiers
havebeendiscussed.
The complexity of multi-sensor-/multi-criteria detectorsrequirescareful performance
tests. A few experimentaltestswith EN54-testfires are insufficient for a rigoroustest
in theopinionof theauthor.
Testmethodsusingcomputersimulationswith randomlyvariedtestsequencesfor fire-
andno-firesituationsareproposedasanalternative.
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